ABSTRACT
INTRODUCTION
The coordination between a product's market positioning and engineering design presents valuable challenges. Marketers and designers have developed methods to treat product design as an optimization process that guides the product's market success and engineering performance.
The methods create mathematical relationships between the product attributes in the market system and the design decision variables in the engineering system [1] [2] [3] . One such approach, analytical target cascading (ATC) [2] , is described below in Fig. 1 and also in Section 3. It forms the basis of our proposed framework.
Fig. 1 Comparison between Michalek's analytical target cascading (ATC) framework of designing for profit and a consideration-constrained engineering design framework
The models of market performance in [1] [2] [3] focus on "trade-offs" between product attributes.
That is, the utilities of attributes are additive, and therefore an attribute with a low score can be compensated by another attribute with a high score. In markets with many products, such as automobiles, consumers are not capable of evaluating and comparing all attributes. Consumers may wrongly evaluate the fuel consumption based on mpg [4] , or even ignore fuel savings in a purchase decision [5] . Consumers quickly use some requirements of product attributes ("consideration rules") in order to narrow their options for further evaluation [6] . Consumers may exclude a product solely because it does not satisfy a consideration rule for one attribute, regardless of the attractiveness of other attributes. Modelling consideration behavior enables new perspectives for product strategies [7] [8] .
We've developed a consideration-constrained engineering design framework that (1) combines modern consideration models with empirically-built technical engineering models to create more consumer-representative modeling in design optimization; and (2) allows us to analyze how changes in consumer considerations impact design strategies. An engineering design can be analyzed based on its increase in consumer consideration.
The paper proceeds as follows: Section 2 provides background information about consideration models and market-based product design; Section 3 describes our method of integrating consideration models into engineering design; Section 4 presents a case study and the strategic optimization problem; Section 5 presents the results; Sections 6 provides a postsimulation discussion; and Section 7 concludes.
BACKGROUND

Non-Compensatory Decisions and Consideration Models
Non-compensatory decisions refer to decision processes where a low score on one product attribute cannot be compensated by a high score on another. Consumers have been shown to use non-compensatory rules to quickly screen alternatives and form a small set of products, formally termed a "consideration set" [6] , for further evaluation. The consideration set has been validated as a good predictor of product choice in a wide variety of product categories [9] [10] [11] . In a study of screening decisions in new automobile purchases, Punj and Brookes [12] found that buyers frequently use body style, price range, make, and engine size to narrow their options to fewer than three, on average. In a qualitative interview in which consumers were asked to describe their automobile decisions, Hauser et al. [13] confirmed that most consumers used noncompensatory decision rules, and typically consumers describe their consideration decisions as conjunctive screening; that is, they only consider a product if its attributes passed all their screening criteria.
An example of a conjunctive rule is: "I want a VW that gets at least 35 miles per gallon with a price of $25,000 or less," as illustrated in Fig. 2 . The mathematical structure of the rules is:
where is an aspect-coded binary profile vector of vehicle . For example, a vehicle profile is presented as a vector = (Volkswagen, Chevrolet, 25 mpg, 30 mpg, 35 mpg, 40 mpg, $20K, $25K, $30K), i.e., with attributes of brand (2 levels), fuel economy (4 levels), and price (3 levels). A vector position with a "1" signifies that the vehicle has the corresponding attribute level, and a vector position with a "0" signifies that it does not. K is the number of attributes.
is the corresponding aspect-coded binary screening rule vector of individual consumer , where a vector position with a "1" signifies that the individual accepts the corresponding attribute level and a "0" signifies that they do not. The individual's screening rule illustrated in Fig. 2 is presented as = (1, 0, 0, 0, 1, 1, 1, 1, 0) with K = 3 (the number of attribute categories is 3; therefore, a vehicle will only be considered if the inner product of its vector and the individual's vector is 3). Indifference for an attribute means all levels receive a 1.
Fig. 2 Example of a conjunctive rule
Market-Based Engineering Design
Market performance must be paired with design feasibility. Three research methods [1, 14, 15] , based on the "all-at-once" framework, integrate market modeling and engineering design in one system, with a typical enterprise goal (e.g., profit) as the single objective. Another stream of methods treat integration as multi-objective optimization problems, such as maximizing profit and minimizing environmental impact [16] , or using a set of designs that achieve marketing preference objectives and engineering objectives within given tolerances, from which designers determine the final product design with an additional selection scheme [3] .
Because market modeling and engineering design usually govern different sets of product attributes, a decomposition-based framework provides a useful tool for coordination. The method of analytical target cascading (ATC) decomposes the design problem into an enterprise-level product planning subproblem and an engineering product development subproblem. Compared with the "all-at-once" framework, ATC has the advantage of efficiently exchanging information between the subsystems [2, 17] .
METHOD OF INTEGRATING THE CONSIDERATION MODEL WITH ENGINEERING DESIGN
The right side of Fig. 1 shows an overview of our consideration-constrained engineering design framework of integrating the consideration model with engineering design, modified from the method of ATC shown on the left [2] . The ATC market product planning subproblem searches for product characteristic targets with the objective of maximizing profit, and passes those product characteristic targets to the engineering design subproblem. Design decisions are optimized to minimize deviation from the targets. Then the design decisions are fed back to the market product planning subproblem. Our consideration-constrained design framework adapts to the decomposition-based structure of ATC. The market product planning subproblem in our design method searches among the combinations of attribute levels (such as the fuel economy level, the pricing level, and so on) to maximize the number of consumers who will consider the product. This maximization is delivered to the engineering design subproblem as a set of constraints in which to search for an optimal engineering solution to an engineeringperformance-related objective. The adaptation takes maximum advantage of the discrete nature of the consideration model to cope with flexible engineering design objectives. Specifically, the consideration-constrained design framework takes the following iterative steps:
Step 1: In the market planning subproblem, given a consumer population, enumerate all possible combinations of attribute levels. For each combination, calculate the number of considerations captured in the population.
Step 2: Sort the combinations by the number of considerations from highest to lowest. Pass the attribute level combination that captures the highest considerations as constraints to the engineering design subproblem.
Step 3: In the engineering design subproblem, search for solutions within the constraints fed by the market planning subproblem.
Step 4: If an optimal feasible solution is found, terminate searching and output design decisions. Otherwise, request a new set of constraints defined by the combination of attribute levels that captures the next highest number of considerations, and then go back to Step 3.
CASE STUDY: DESIGN IN THE WAKE OF A CONSIDERATION-SHIFTING EVENT
In September 2015, news broke of VW's violations of the Clean Air Act [18] , which immediately affected perceptions of both VW as a company and diesel engines as a technology.
The scandal produced a sudden, large change in consideration, presenting a good case study, in which we ask: What kind of new hybrid electric vehicle (HEV) should VW design to regain lost consideration? We chose to investigate designing HEVs because they rate high in fuel economy and automatically satisfy consumers' preference for low emissions. Fig. 3 illustrates the data and model resources, as well as information flows, in the case study. 
Marketing Product Planning Subproblem
The objective of the marketing product planning subproblem is to maximize the number of consumers who consider the vehicle.
Vehicle Attributes
The 2014 WardsAuto database [19] provides information characterizing 184 vehicles, representing 18 brand manufacturers. Vehicles are included if they are either new introductions as of 2014 or had 2013 sales greater than 10,000 units, as reported in AutoNews [20] . Each vehicle is coded as a binary vector of length 52, corresponding to 8 attributes and 52 levels, as shown in Table 1 . This vehicle representation is inspired by Dzyabura and Hauser [21] , with some alterations: removal of brands that were defunct in 2013, the addition of a quality rating of 2 to be consistent with the rating scores reported by J.D. Power [23] , and the addition of diesel as a powertrain option. The rollover resistance scores, a measure of how resilient the vehicle is to rollover crashes, were collected from the National Highway Traffic Safety Administration [22] .
The quality scores were collected by J.D. Power [23] and fuel economy ratings [24] by the EPA. 
Consideration Rules and Changes in Consideration
In Dyzabura and Hauser's [21] vehicle consideration survey, 874 respondents use conjunctive consideration rules to screen vehicles based on the attributes/levels in Table 1 . This is the "base population" and refers to the consideration sets before the VW scandal. Autolist Table 3 summarizes the probability of an individual transitioning from one of the four screening rules to the other. For example, the probability in row "(1,0)" and column "(0,0)"
indicates that there is a 0.71 chance that an individual in the base population who considered buying a VW but not a diesel before the scandal transitions to rejecting both after the scandal. 
Consumer Population Sampling
To sample the consumer population for the marketing product planning subproblem:
Step 1)
We generate the base population with size of 874. For all attribute levels, except "VW" and "diesel," we assign the population with the 874 consideration rules from Dyzabura and Hauser [21] . For the consideration rules of "VW" and "diesel," we randomly assign each individual with one of the four rules listed in Row 1 of Table 2 with the probability distribution in Row 2 of Table 2 .
Step 2) We generate the population of "after scandal" by altering the rules of "VW" and "diesel" in the base population. For each individual, we change one of the four rules (as listed in four rows in "base population" in Table 3 ) to the other (as listed in four columns in "altered population" in Table 3 ) based on the corresponding probabilities. To account for the sensitivity of simulation results to the random draws, we repeat Steps 1 and 2 to generate 10 samples of populations. Each sample is used in one simulation run.
Engineering Design Subproblem
The engineering design subproblem minimizes manufacturing cost with respect to design variables subject to the market consideration constraints. Engineering design variables include:
the engine bore, ; bore-to-stroke ratio, ; final drive ratio, ; peak battery power, ; vehicle length, ; vehicle height, ; vehicle width, ; vehicle wheelbase, . As the case study regards HEV design, we used Frischknecht's [25] proxy AVL Cruise HEV model to provide the basis of the fuel economy, rollover score, and vehicle cost models. The vehicle class model was informed by dimension information in [26] . The cost model was modified with manufacturing cost information from [27] . Table 4 summarizes the mapping from engineering design variables to product attributes and the reference resources of the mapping formulations. We provide the key mapping formulations of vehicle class, fuel economy, rollover score, and manufacturing cost in Appendix A. 
VW designs a new HEV to recapture lost consideration
We investigate the strategy of introducing a new VW HEV , ℎ , to maximize the number of consideration sets that contain at least one VW vehicle, when all VW diesels are removed from the market. The consideration maximization subproblem is expressed as: 
where the design variable vector ℎ = ( , , , , , , , ). The mapping to vehicle attribute vector from vector follows namely, the upper bound of cost (to ensure profitability), lower bound and upper bound for mpg, and rollover score target.
CASE STUDY RESULTS
In this case study, we perform 10 simulation runs, each run with a different consumer population (with size of 874) sampled as described in Section 4.1. Each solution takes the iterative steps of the consideration-constrained framework described in Section 3. In the step of solving the engineering design subproblem, Wall's GALib genetic algorithm (GA) [28] was used to search for the optimal vehicle.
GA's ability to handle discontinuities manages non-compensatory heuristics well [29] . It specifies eight alleles that correspond to the eight engineering variables presented in Section 4.2.
Each allele has 15 levels. The GA began from 100 different initial conditions and terminated after 500 generations. In each generation, the GA applies two-parent selection and one-point crossover with a 65% replacement rate. The parameters were specified after a systematic evaluation demonstrated that the GA would consistently converge to similar solutions from a 
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variety of initial allele sets. The number of generations was determined by locating the number of generations at which the solutions' objective function value plateaued. Computation was executed on a MacBook Pro with a 2.4 GHz processor and 8 GB of RAM. Table 4 presents the levels of optimal engineering variables found over the simulation runs.
The optimal vehicle to increase consideration sets is a small SUV with a fuel economy at 45 mpg, a rollover score of 3, and a price of $22,000. 
Check for Interactions Between Consideration Rules and Engineering Design Space
A crucial attribute for the most-considered HEV is that it has a body style of a "small SUV." mm, and 4300 mm ≤ length ≤ 5100 mm. Thus, the optimal small SUV yields height = 1575 mm (i.e., the lowest "height" level available within the size bounds of a small SUV) and length = 4300 mm (i.e., the lowest "length" level in the GA searching range and also a feasible "length" level in the small SUV classification). Some engineering design variables do not interact with the consideration model, such as the battery peak power. As the battery cost linearly increases with respect to battery peak power (shown in Fig. 7) , and cost influences consideration through constraining price, the optimum is achieved where battery cost is lowest, at 30 kw peak power. 
Check the Impact of a New Design on Market Share of Brand's Existing Products
Introducing a new product may expand market coverage but may syphon choice share from the brand's existing products. The consideration-constrained framework can identify potential impacts by identifying how often two or more products from the same brand coexist in a consideration set (which means that they will compete for a final purchase decision). Table 5 shows that among the existing VWs, the small SUV (Tiguan SEL) and two hatchbacks (Golf 2.5L and Beetle 2.5L) are most susceptible to decrease choice share, given that over 50% of the consumers who consider them will also consider the new vehicle. The least impacted vehicle is the CC 2.0T Executive; only 20% of its consumers consider the new vehicle. 
CONCLUSIONS
We modified a market-based engineering design framework to represent collaboration between marketing and engineering by using a marketing planning subproblem that reflects realworld consumer decisions and an engineering design subproblem that assures engineering feasibility within the constraints of market consideration. A case study of VW joined a conjunctive consideration survey-based model, self-report consideration data before and after the "clean diesel" scandal event, real-world market data, and an engineering feasibility model to investigate design strategies. In the case study, the marketing planning subproblem identified the design region that captured high considerations (defined by fuel economy, price, rollover safety score, and body style), and then the engineering subproblem searched within the region to minimize cost and feedback information on the availability of a profitable design.
The consideration-constrained design framework enables designers to target specific consumer segments defined by certain consideration rules. This ability is useful in investigating Vehicle class maps to vehicle dimensions by a decision tree presented in Fig. A1 . The decision tree was trained under the vehicle class information from WardsAuto's database and the dimension information from the Society of Automotive Engineers' standards [27] and sourced from the manufacturers' websites. Sports cars were not included in this tree because they are characterized based on engine performance, which was not included in this model. Crossovers were omitted due to the extremely small training size in the 2014 market explored in this study. 
Rollover Score Model
Frischknecht proposes a parametric method of determining the static stability factor, y, based on mass distribution assumptions (detail formulation in [27] 
Cost Model
The case study applies Frischknecht's empirical unit manufacturing cost model, as in Eq.
(A3), which accounts for the cost of the basic vehicle system (c v ) by including engine, chassis, and body, as well as the increased cost of the hybrid architecture (c HEV ) by including battery parameters. Cumulative vehicle cost is the sum of Frischnecht's production cost and additional corporate overhead and distribution costs amounting to 45.5% of the vehicle manufacturing cost, in accordance with a study on alternative hybrid vehicle production costs by Vyas et al. [29] . We refer readers to Frischknecht [27] for the detailed functions and parameters.
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